University of Nebraska - Lincoln

DigitalCommons@University of Nebraska - Lincoln
Adam Liska Papers

Biological Systems Engineering

2015

Eight Principles of Uncertainty for Life Cycle
Assessment of Biofuel Systems
Adam J. Liska
University of Nebraska-Lincoln, aliska2@unl.edu

Follow this and additional works at: http://digitalcommons.unl.edu/bseliska
Part of the Bioresource and Agricultural Engineering Commons, Environmental Engineering
Commons, and the Operations Research, Systems Engineering and Industrial Engineering
Commons
Liska, Adam J., "Eight Principles of Uncertainty for Life Cycle Assessment of Biofuel Systems" (2015). Adam Liska Papers. 26.
http://digitalcommons.unl.edu/bseliska/26

This Article is brought to you for free and open access by the Biological Systems Engineering at DigitalCommons@University of Nebraska - Lincoln. It
has been accepted for inclusion in Adam Liska Papers by an authorized administrator of DigitalCommons@University of Nebraska - Lincoln.

Published (as Chapter 10) in Bhardwaj AK, Zenone T, & Chen JK (eds.), 2015,
Sustainable Biofuels: An Ecological Assessment of Future Energy. Walter De
Gruyter & Co., Berlin. pp. 243-268.
Copyright 2015 De Gruyter. Used by permission.

digitalcommons.unl.edu

Eight Principles of Uncertainty for Life
Cycle Assessment of Biofuel Systems
Adam J. Liska
University of Nebraska–Lincoln

1 Introduction: Regulatory LCA
New environmental regulations in the USA and Europe require a reduction of
greenhouse gas (GHG) emissions from transportation fuels as a component of climate change mitigation policy. The US Energy Independence and Security Act of
2007 (EISA) requires GHG emission reductions from the life cycles of biofuels compared to gasoline, by 20% for ethanol from maize grain (maize-ethanol), 60% for
cellulosic ethanol, and 50% for other advanced biofuels. To determine these reductions, the US Environmental Protection Agency (EPA) employs life cycle assessment (LCA) methods which were not used previously in national environmental
regulations. These regulations, entitled the “Renewable Fuel Standard 2” (RFS2),
build on concurrent state efforts by the California Air Resources Board (CARB) under the Low Carbon Fuel Standard (LCFS). These regulations can affect billions of
dollars in financial incentives and market access for the existing biofuel industry
and they will determine how new feedstocks for biofuels are developed in the future.
Over roughly the last twenty years, LCA has been applied to biofuel production
systems for determining GHG emissions and energy efficiency, but these evolving
methods have been inconsistent [1–3]. These methods are used to estimate direct
emissions from the life cycle from crop production to finished fuels, while also considering upstream emissions such as from fertilizer production. Contrary to these
relatively simple analyses, the assessments currently developed under state and
federal law are generally far more complex by including global modeling. The use
of global models has been encouraged by findings that indirect effects from biofuel
production, which are international in scope, lead to additional GHG emissions
243
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that were not previously recognized. Emissions related to indirect land use change
(ILUC) from biofuel production are now quantified under RFS2 and LCFS legislation [4]. However, accounting for one indirect emission further necessitates the
evaluation of other indirect changes in global emissions [5–6], which has led to the
immense complexity now seen in federal LCA regulations.
Fundamentally, LCA integrates diverse data sources associated with an industrial process to: (i) quantify environmental impacts as continuous variables (e.g.,
GHG emission rates) and (ii) guide improvements in efficiency. The related field
of risk assessment attempts to estimate the probability of discrete events that are
not easily predicted, such as the timing of system failures [7]. In LCA, the most
probable performance of a specific type of system operating in the recent past, currently, or in the recent future is estimated based on measurements of patterns and
frequencies in industry (e.g., parameter values). By assembling a set of frequencies describing the system (although with incomplete information), LCA is based
on a probability theory that states that the frequencies of future events will be approximated by past frequencies, given enough replicated observations under similar conditions [8].
The models employed in LCA are regulatory tools to archive knowledge, interpret and predict the links between industrial activities and outcomes of interest, communicate findings, and explore uncertainty and shortcomings in understanding [9].

2 Eight Principles of Uncertainty for LCA of Biofuel Systems
This chapter proposes eight principles of uncertainty for LCA of biofuels that will
help to minimize errors in estimating direct and indirect emissions when designing
and implementing regulatory LCA methods. Two main types of uncertainty arise in
LCA models and other regulatory settings: (i) parameter uncertainty arises due to
spatial and temporal variability in the numerical value of a parameter and a lack of
information concerning this variability and its actual value at any one point (principles 1, 3–6, 8) and (ii) model uncertainty arises due to the incoherence between
the structure of a model and the system under investigation and includes uncertain system boundaries (principles 1–2, 6, 8).
The eight proposed principles below were developed because of how they relate to one another:
1. biofuel systems are highly variable and complex;
2. invariable LCA methods to assess this complexity do not exist;
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3. information deficiencies are extensive in assessing this complexity;
4. analysis of localized systems can reduce some variability and uncertainty;
5. sensitive factors are often uncertain and undermine the accuracy of LCAs
by orders of magnitude;
6. expanding LCA system boundaries to a global level tends to increase uncertainty and restricts the accuracy of using LCA for predicting system
performance;
7. clear presentation of data in LCA can ensure that biases are limited; and
8. reference systems are just as complex and uncertain.
These principles were developed based on previous research and new analyses
presented here.

3 Principle 1: Biofuel Production Is a Complex
System of Systems
The biofuel production process may best be conceptualized and characterized as a
system of systems (SoS). The emerging discipline of SoS engineering is defined by
the International Council on Systems Engineering in a manner appropriate for describing biofuels:
“System of systems applies to a system of interest whose system elements are
themselves systems; typically, these entail large-scale inter-disciplinary problems
with multiple, heterogeneous, distributed systems” [10].
Five interdependent subsystems in fuel supply chains have been identified,
which are similar for both biofuels and fossil fuels. These subsystems include: (i)
feedstock production, (ii) feedstock logistics, (iii) feedstock-to-fuel conversion, (iv)
fuel distribution, and (v) fuel end-use. In the case of maize-ethanol, for example,
these components would comprise, respectively: (i) a cropping system (e.g., rain-fed
maize-soybean rotation), (ii) a grain harvesting, transportation, and storage system, (iii) a biorefinery and associated regime for co-product processing and use (e.g.,
feeding of distiller grains to livestock), (iv) a rail or potentially a pipeline, distribution network to fuel blenders, and gas stations, and (v) use of ethanol as either a
10% blend with gasoline (E10) in most cars or use of an 85% ethanol blend (E85) in
flex fuel vehicles. Within each of these five systems, technical, spatial, and temporal variabilities add to the uncertainty in defining its performance.
The field of industrial ecology seeks to characterize the environmental impacts
of the life cycles of production systems, with the goal of improving system perfor-
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mance. Among the methods in industrial ecology, LCA is recognized for the analysis of a SoS [11]. In LCA, the complexities in the subsystems investigated must be
greatly simplified and reduced to one or a few parameters (e.g., efficiencies) that
best characterize the performances of the supply chain components. Using these efficiencies, LCA models are built to generate transparent emission inventories from
a complex SoS (Figure 1).

Figure 1. A system of systems to GHG emission inventory for maize-ethanol. Inventory categories and data from [12].

When applying LCA models to biofuels, the feedstock employed generally determines many of the key characteristics of the biofuel SoS. For example, the production of ethanol from either grain or non-grain biomass requires the use of different
harvests and logistical practices, biorefinery infrastructure and conversion methods, and co-product types [13]; ethanol and biodiesel also have different fuel distribution and use systems. Feedstock types also largely determine average gross
bioenergy yields, which can greatly differentiate biofuel systems, and determine
the profitability and adoption of these systems (Figure 2). Energy yield data is also

E i g h t P r i n c i ple s

of

Uncertainty

for

LCA

of

B i o f uel S y s t e m s

247

Figure 2. Biofuel gross energy yields from average ethanol and biodiesel production systems
using food crops globally (a) and from ethanol in Nebraska from various crops (b), based on
reported average crop yields and field studies in Nebraska; co-products are not included.
Source: data from [1] (a) and [15] (b).

essential for characterizing the thermodynamic efficiency of the life cycle (e.g., net
energy efficiency) [14]. For example, soybean biodiesel produced in Brazil and the
USA has about a ten-fold lower gross energy yield than biodiesel from oil palm in
Malaysia, which can determine land use efficiency. Even looking within the state
of Nebraska in the USA, theoretical gross energy yields for an integrated system
producing cellulosic ethanol from maize residue and ethanol from grain can have
about a two-fold higher yield compared to average ethanol yields from sorghum
and switchgrass.
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4 Principle 2: Standardized LCA Methods for
Biofuels Do Not Exist
The International Organization for Standardization provides general recommendations for the LCA for any metric or production system analyzed. They suggest,
among other things, that “LCA is an iterative technique. Therefore, the scope of
the study may need to be modified while the study is being conducted as additional
information is collected” [16]. Generic standards that appropriately commend the
continued improvement of LCA have been inadequate for defining consistent LCA
practices for biofuels.
Controversy has historically surrounded the assessment of the net energy balance (i.e., energy outputs/energy inputs) of the production of maize-ethanol. Most
of the past studies of the life cycle of maize-ethanol have used LCA models with
roughly 300 to 400 parameters, mainly composed of a combination of input parameters (e.g., application intensities or efficiencies) and emission factors (e.g., GHG
emission intensities for primarily CO2, N2O, and CH4). In 2006, the Energy Resources Group’s Biofuel Analysis MetaModel (EBAMM) was used to estimate the
most appropriate values for key system parameters within consistent boundaries
of six major studies [17]. The study found a 20% positive net energy return over
energy invested and a 13% GHG emission reduction compared to gasoline. GHG,
Regulated Emissions, and Energy use in Transportation (GREET) model from the
US Argonne National Laboratory was one of the models analyzed in the EBAMM
study. The GREET model has received the most development out of all life cycle
models for biofuels and it now serves as a component model for both CARB and
EPA regulatory LCA methods.
Unlike measuring the mass of molecules, the methods employed in the LCAs of
biofuels are not absolute but are dependent on relative system boundaries in addition to uncertain parameter values. The Biofuel Energy System Simulator (BESS)
model was developed based on the EBAMM model but used new survey statistics
for biorefinery energy efficiency and found that the life cycle of ethanol from maize
was substantially more efficient than previously estimated. In Liska et al. (2009),
maize-ethanol was found to reduce GHG emissions compared to gasoline by 51%
on average for natural gas-powered biorefineries (based on direct emissions), which
made up 90% of the USA’s ethanol industry in 2008 [12, 15]. Some of the data employed in that analysis was found to be less representative of the biofuel systems in
question (e.g., electricity GHG intensity) and some parameter values were changed
[18–20]. Based on the suggested changes and new co-product analyses, an updated
analysis of maize-ethanol was found to reduce GHG emissions by 46.5 ± 2.3% compared to gasoline, corresponding to an intensity of 52.2 ± 2.8 g of C dioxide equivalent per megajoule (g CO2eq MJ−1) of energy in the fuel [20]. Using a modified
GREET model, the CARB currently finds the same class of biorefineries to have
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an intensity of between 60.1 to 68.4 g CO2eq MJ−1 [21] and the EPA estimates that
maize-ethanol will have an intensity of roughly 43 g CO2eq MJ−1 in 2022 [22], not
including indirect land use change emissions.
These examples highlight some of the difficulties of having no standard LCA
methods for biofuels, which is a reflection of the few guidelines that are specific
enough to generate consistent quantitative measurements describing these systems. Seemingly small changes in system boundaries in these models can markedly
change LCA results. Comparing denatured ethanol (which contains a low level of
gasoline) and oxygenated gasoline (which contains a low level of ethanol), as done
by the CARB, instead of a comparison of pure ethanol and pure petroleum, increases
the GHG intensity of maize-ethanol by roughly 3 to 7 g CO2eq MJ−1 (or 3% to 7%)
and biases against the use of ethanol [19–20].
Today, the models employed by regulators are the nearest methods to being defined as standards, as they determine economic incentives such as market access
and subsidies. Yet, difficulties exist as these immense, multi-faceted models now
estimate global changes and likely do not accurately predict actual system performance. There appears to be a USA consensus in the use of g CO2eq MJ−1 as the
standard GHG emission metric because it is being adopted in regulations [1], although European observers prefer g CO2eq km−1, despite variable fuel efficiency
(km MJ−1), with different vehicle types [23]. To successfully assess the absolute results from any LCA, the corresponding regulatory policy or relative frame of reference must be identified.

5 Principle 3: Empirical Data Are Scarce for Most
Aspects of Biofuels
To define a biofuel SoS using LCA, each subsystem must be sufficiently characterized and particularly those that contribute the most to GHG emissions (see
Section 6–8). In the case of maize-ethanol produced in the USA, the US Department of Agriculture (USDA) provides recent data on crop yields at the county and
state levels, updated annually, and fertilizer rates at the state level are updated
every few years. To determine GHG emissions from these inputs, standard emission factors are available from the EPA and the Intergovernmental Panel on Climate Change (IPCC).
More limited data are available for most other parameters. First, as of 2010,
the last released USDA survey data on fossil fuel use for the USA’s maize production was from 2001; the average energy use during that time is suspected to
have decreased due to the use of more no-till practices [12]. Biorefinery efficien-
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cies have been based on limited recent surveys, often representing less than a
quarter of the industry capacity (see Section 7.1) [12] and upstream emissions,
such as from N fertilizer production, are not well-characterized for specific suppliers. Ecosystem emissions such as from N2O and soil organic carbon (SOC) loss
to CO2 have only been measured in limited studies (see Sections 7.2 and 7.3). In
general, the most accurate average (i.e., expected value) for any variable will incorporate data from the full range of the probability distribution of observable
values, instead of the use of clearly limited data that biases the analysis and misrepresents the systems [8, 24].
To overcome these data deficiencies, regulators and other federal agencies are
conducting more thorough and frequent surveys (the US National Agricultural Library has recently initiated the development of a LCA database, http://www.lcacommons.gov [25]). The current LCA approach taken by the EPA, however, uses
more industry averages and less data specifically for regulated facilities because
such data collection was explicitly stated to be too burdensome. There are clearly
declining marginal returns on investment for the collection of additional data; yet,
regulators and those regulated must weigh the costs and benefits of increased
investments.

6 Principle 4: Local Biofuel LCAs Reduce
Uncertainty and Errors
Accuracy in LCA is achieved from the “bottom-up” based on measurements for individual system parameters, and it cannot be verified from the “top-down” using
GHG emissions measurements of the entire SoS. Where system boundaries are
fixed, uncertainty in LCA primarily originates from an information deficiency, and
in general, more information is used to reduce this uncertainty [26]. The analysis
of an individual biofuel production system can incorporate more easily accessible
and well-defined information compared to an analysis of a whole industry containing many biorefineries; most LCAs combine a set of frequencies from different aspects of the system measured at different places and times.
Crop production contributes approximately 50% of positive life cycle GHG emissions from maize-ethanol and the use of state values for local refineries would reduce errors in estimating cropping emissions because of the variability between
states [12] (Figure 1). Use of the 12-state Midwest average GHG intensity of 263
kg CO2eq per Mg of grain corresponds to a roughly 48% GHG reduction compared
to gasoline; yet, the use of individual state values produces a range of GHG reductions from 40% to 56% [12]. Use of the industry average provides a more favorable
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assessment to underperforming states and does not recognize the higher efficiencies
of other states (e.g., Iowa; Figure 3). Differences in emission intensities by state are
primarily due to declining crop yields from north to south due to higher plant respiration and lower soil carbon levels in the south, which requires higher rates of N
fertilizer to achieve the desired crop yields due to less indigenous N in the soil [12].
The uncertainty in defining the shape of the probability distribution function
for a variable is, in general, thought to be a major source of model uncertainty [27].
The distribution of biorefineries relative to agricultural emissions is one example
of a non-normal (e.g., lognormal or Weibull) distribution, although it is for a calculated metric and it does not arise from a single measurement. Biorefineries tend
to be built where grain yields and nutrient use efficiencies are highest, thus maximizing profitability and establishment in states with lower GHG emissions per
unit of crop yield (Figure 3).

Figure 3. Distribution of ethanol biorefineries having specific crop GHG emissions per unit
of grain produced. Source: based on data from [12].

Another source of regional variability is associated with co-product production
and use (allocation of emissions among co-products in LCA is another major issue
for determining emissions that are related to model structure; related to Section 4
[28]). Dry mill biorefineries generally produce dry, modified, or wet distiller grains
with solubles (DGS), which can be variable from year to year. Beef cattle substitute
more GHG-intense maize grain in their diets with DGS, compared to dairy cattle
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and swine, which substituted relatively less grain and more soybean meal in their
diets [20]. Co-product credits (emission off-sets, Figure 1) based on variable substitution efficiencies have been found to range from 12 g CO2eq MJ−1 for dry DGS fed to
dairy and swine to 18 g CO2eq MJ−1 for wet DGS fed to beef cattle (Midwest average
at 15.2). Using recent industry statistics, the natural gas efficiency of dry mill biorefineries ranged between 8.33 MJ L−1 of ethanol when producing all dry distiller
grains to 4.91 MJ L−1 when producing all wet distiller grains. Combining variable
natural gas use due to co-product processing with variable co-product credits resulted in GHG emission reductions at 43%–55%, compared to gasoline for Midwest
average maize-ethanol, corresponding to 56–44 g CO2eq MJ−1 [20].
The above variabilities in cropping systems and co-product feeding is not currently recognized by federal or state regulators when assessing individual facilities.
Significant variability in these systems necessitates that state-level agricultural
GHG assessments be performed to ensure accuracy for regulating GHG emissions
from individual biorefineries, instead of taking broad averages across USA agriculture. Use of state averages could reduce the errors associated with estimates by
more than 20%, in some cases.

7 Principle 5: Sensitive Parameters Cause Order
of Magnitude Changes
In addition to the relatively minor variability presented above, common variability in the value of sensitive parameters can lead to order of magnitude changes in
GHG emissions estimates. Of the three examples below, natural gas efficiency is
the least sensitive, but it is more sensitive than the parameters above.
7.1 Biorefinery Natural Gas Efficiency
Natural gas use per unit of ethanol produced at the biorefinery appears to
be the parameter by which normal variations lead to the largest differences in
GHG emission intensities of the maize-ethanol life cycle. Using a 2001 survey of
wet and dry mills, the EBAMM model employed biorefinery thermal energy input values for natural gas and coal at 13.9 MJ per liter of ethanol, in total [17].
From 2001 to 2006, the capacity of the USA’s ethanol industry grew by roughly
threefold and, by 2008, 90% of the installed biorefinery capacity was dry mills
and 89% of the capacity was powered by natural gas [15]. Based on multiple independent surveys from 2006, the efficiency of new natural gas dry mills was
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found to be roughly 7.7 MJ of natural gas per liter of ethanol produced, on average [12] (corresponding well with a much larger industry survey in 2008 [29]),
thereby reducing thermal energy requirements at the biorefinery from 67% of the
life cycle energy inputs to 56% of the inputs from 2001 to 2006. By substituting
the 2006 efficiency value for the previous 2001 efficiency (for wet and dry mills)
in the EBAMM model (thus, from 13.9 to 7.7 MJ L−1), maize-ethanol is found to
reduce the life cycle GHG emission compared to gasoline by 55% (corresponding
to 42 g CO2eq MJ−1), compared to the previous updated finding of a 13% reduction
[17, 19]. This example shows a greater than four-fold difference in GHG emission
reductions and clearly demonstrates the sensitivity of this single parameter and
the need for accuracy in its definition.
7.2 Agricultural N2O Emissions
Nitrous oxide (N2O) is a potent GHG with a global warming potential that is
298 times CO2 on a mass basis and is produced by agroecosystems via the denitrification of nitrate in soils and water [30]. In maize production, direct and indirect N2O emissions from synthetic N applications are estimated to be roughly 36%
of cropping GHG emissions based on default emission factors from the IPCC [15].
Additional N2O emissions from crop biomass and manure constitute another 13%
of emissions, making N2O alone nearly 50% of cropping GHG emissions in maize
systems, based on the IPCC values. The IPCC default values are used in national
GHG emission inventories and represent a broad international consensus based
on available studies.
Yet, N2O emissions are highly variable due to soil moisture and temperature differences and field measurements are costly and limited. When not calibrated with
direct measurement data, six models were recently shown to predict N2O emissions with a range nearly six-fold from 3.8 to 21 kg N ha−1 yr−1, suggesting that
the use of N2O emission models without measurement data is “quite uncertain at
this time” [31].
A recent analysis from Crutzen et al. [32] suggested that N2O emissions downstream from field N application could lead to higher total emission rates than predicted by the IPCC. Whereas, the IPCC suggests that 1.33% of N application in
maize systems is converted to N2O on average (from direct and indirect losses) [15],
Crutzen et al. [32] controversially propose that N2O emissions are 3%–6% of N applied due to additional background N2O emissions produced downstream. Inclusion of these variable N2O rates leads to dramatically different results in the life
cycles of biofuels. At 1.5% of N converted, roughly 15 g CO2eq MJ−1 is added due to
N2O in the maize-ethanol life cycle [33]. At 5% N conversion, 41 to 56 g CO2eq MJ−1
is added to the life cycle from N2O emissions, thus changing GHG emission reduc-
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tions of this biofuel relative to gasoline from roughly 40% to zero. Further research
is needed to better quantify actual direct and indirect N2O emissions and this will
be an important factor for all crop-based biofuels.
7.3 Soil Organic Carbon Dynamics and CO2 Emissions
Cropping systems associated with biofuel production can have a range of impacts on soil quality. Yet, for the LCA of biofuel production, three examples of ethanol production systems show that changes in SOC are perhaps the most critical
factors in determining net GHG emissions.
Many studies have assumed that ethanol from residue leads to a biofuel system with the potential for large GHG reductions compared to gasoline (e.g., 84%–
106%) [34]. In producing cellulosic ethanol from maize residue, the impact of residue removal on SOC loss and its impact on life cycle emissions is limited in recent
scientific literature. Recent summaries of field research have found that crop residue removal generally tends to reduce SOC levels [35–36]. If SOC is lost due to
oxidation to CO2 based on a broadly accepted understanding of soil processes [37]
(assuming soil erosion is also limited), then a simple calculation can determine
the GHG impact of this loss. Removing 25% of maize residue could reduce SOC by
roughly 0.3 Mg C per hectare per year, which would add roughly 88 g CO2eq MJ−1
to other production emissions in this system; similar results are found at the 100%
removal level (Table 1). Inclusion of this emission from SOC cancels out nearly all
of the GHG benefits of this system, reducing emission reductions from roughly 90%
to roughly 0–30%. These results challenge the prevailing understanding of soil processes in the LCA of this system.
Rates of SOC losses from maize residue removal were recently applied to sweet
sorghum, a similar C4 crop, in a scenario in which all residue was removed [38].
By incorporating estimated SOC loss into the life cycle emission inventory, ethanol from sweet sorghum was found to be roughly 10%–20% more GHG-intense
when compared to gasoline (Table 1). Alternatively, when all residue was assumed to be left on the field, assuming no net SOC change, ethanol from sweet
sorghum reduced GHG emissions compared to gasoline by 50% [38]. Thus, if not
managed properly, SOC loss has previously been shown to be able to possibly negate all GHG benefits.
In a third example, C sequestration (transfer of atmospheric CO2 to SOC) is a
key variable for dedicated energy crops. Sequestration reduces net life cycle emissions in switchgrass by more than 70%, which has led to estimates that this system will reduce GHG emissions by up to 94% compared to gasoline [39]. However,
limited measurements of SOC dynamics under harvested switchgrass and energy
crops lead to the current uncertainty in determining accurate sequestration rates.
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Table 1. Net CO2 emissions from SOC in the life cycle of ethanol from sweet sorghum (sugar
only), maize residue, and switchgrass (latter two as cellulosic).
SOC
loss

Energy
yield

Mg C hm−2

GJ hm−2

Biofuel system

maize residue, 25%d
maize residue, 25%d,e
maize residue, 100%d,e
sweet sorghumf
sweet sorghume,f
switchgrassg

0
0.30
0.80
0
0.80
−0.27

13
13
50
50
50
60

SOC Production
addera emissionsb

Life
GHG
cycle total reductionc

g CO2eq MJ−1 		
0
88
58
0
59
−16

10
10
10
46
46
22

10
98
68
46
105
6

%
89
−3
28
52
−11
94

a. The SOC adder (g CO2eq MJ−1) is determined by multiplying net SOC dynamics per hectare
by 44/12 to convert to grams of CO2, then dividing by energy yield in ethanol, and correcting
for units.
b. Production emissions from residue use are approximations.
c. Reduction of GHG emissions is compared to gasoline estimated at 95 g CO2eq MJ−1.
d. Energy yields from residue removal [15].
e. SOC loss from residue removal [36].
f. Sweet sorghum yields [38].
g. Switchgrass data [39]. These calculations are consistent with calculations using more complex models [4, 12].

7.4 Setting an Uncertainty Standard for Biofuel LCA
The examples above are essential for understanding some of the main sources
of uncertainty in the LCA of biofuels and should be considered when making decisions about setting acceptable uncertainty limits. Stochastic quantitative Monte
Carlo methods can be used for integrating known parameter variabilities for a
range of variables to accurately estimate an expected value of a population of systems [40–42]. Unfortunately, complete distributions for most parameters are unavailable and data on the most sensitive parameters are often neglected (i.e., N2O
and CO2 from SOC).
It seems appropriate that regulators should now establish an acceptable threshold for parameter uncertainty when characterizing GHG emissions from the direct
life cycle. For example, parameter variability may lead to emission results that are
less than ± 5%–15% of the mean value (provided by the regulator) and may be subsequently neglected, while measured variability that likely leads to actual GHG
emissions being outside of that range must be incorporated into LCA methods to
minimize bias.
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8 Principle 6: Indirect Emissions Are Numerous
and Highly Uncertain
8.1 Indirect Land Use Change
The assignments of GHG emissions from various sources related to biofuel production follow two general approaches in LCA, so-called attributional and consequential approaches [6]. Attributional LCA is an approach in which emissions are
quantified from components of the fuel production life cycle and allocation procedures are used when more than one product is produced by the system [28]. Alternatively, consequential LCA attempts to identify the total marginal changes in any
and all direct and indirect emissions that would occur as a consequence of some
change in the output of the fuel. The consequential approach is thus more exhaustive and relevant in evaluating the consequences of new policies.
Global conversions of forests and grasslands to agriculture have contributed
roughly one fifth of the global anthropogenic GHG emissions in the 1990s and
roughly one third since 1750 [5]. Yet, the estimation of ILUC and its associated
GHG emissions have been highly controversial. In spite of this controversy, ILUC
estimates are included in state and federal LCAs. Resulting ILUC from biofuel production is based on the notion that the global agricultural economy is in an equilibrium, where production equals consumption. In response to a new biofuel industry, global agricultural markets need to meet the new demands in addition to
the existing demands for food and feed. Because agricultural yields are slowly increasing, rapid growth in biofuel production must be sustained by increasing the
size of the existing global agricultural land base or by less consumption from existing consumers. Regardless of existing trends in deforestation, there is assumed
to be an additional marginal incentive to convert forested land to agriculture from
the development of new biofuel industries. This incentive is in the form of an increased price that is transmitted through international agricultural markets from
the source of demand (e.g., maize in the USA for ethanol) to distant agricultural
markets and associated deforestation (e.g., soybean expansion in Brazil) [43]. Because these models estimate the most likely marginal change in land conversion
based on a multivariate analysis, the impacts of biofuels cannot be directly verified
by measurements [44]. Based on this understanding, deforestation rates can be observed to be declining but these rates would have declined even faster, or even reversed, without biofuels.
Global ILUC is quantitatively estimated by taking recent trends in agricultural
productivity, agricultural supply and demand, commodity prices, trade substitutions, international land conversion rates, and emission models to predict an uncertain future [5–6, 45]. Global econometric models were developed to analyze the
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impacts of specific policies on agricultural markets, but are now also used to estimate ILUC; e.g., the Food and Agricultural Policy Research Institute (FAPRI)
model [4] and Global Trade Analysis Project (GTAP) [46]. Because ILUC projections are expected to occur in a probable future, projections become more inaccurate with the time horizon as new variability accumulates. This is due to many
unforeseen changes in global crop production and policies that may change the incentives governing land conversion around the world, such as global climate accords that could dramatically slow deforestation in the foreseeable future and reduce projections of ILUC emission rates. Because most models project ILUC over
20–30 years into the future, it is very likely they will predict absolute land conversion with a high degree of error.
Despite these uncertainties, the mean value for the most recent estimates is between 14 and 30 g CO2eq MJ−1 for maize-ethanol production and these values have
been tending to get smaller with further analysis (Figure 4), with at least one exception [47]. The ILUC emissions analysis by Hertel et al. [46] provides a wide distribution of probable ILUC rates. They also state that there is further uncertainty
and these estimates should be interpreted as “order of magnitude” in accuracy [46].
Emissions from ILUC in Brazil from sugarcane-ethanol are equally uncertain [48],
but tend to be getting larger with more analyses (Figure 4).
Hertel et al. [46] reported a mean value of 27 g CO2eq MJ−1 with a coefficient
of variation of 0.46; two standard deviations (SD) are shown; a minimum was reported at 444 g in total over 30 years or 14.8 g CO2eq MJ−1 for the nonnormal distribution (Figure 4a). This was reported as a corrected value for total marginal
ethanol liters over 30 years (1127 billion liters: increasing from 0 to 50.1 b. liter
from 2001 to 2015, then constant at 50.1 until 2030; see Hertel et al. (C) in Figure 4a.). The upper value of Lapola et al. [48] reports total marginal emissions
divided by total marginal liters of ethanol over 30 years in Brazil (746 billion liters; from 2003 to 2020, increasing from 0 b. liter to 35.53, then constant at 35.53
until 2032) and the lower value is the total marginal emissions divided by the total ethanol industry production over 30 years (1181 b. liters); Lapola et al. also
includes direct land use change (DLUC) emissions. Mostly FAPRI or GTAP models were used (Figure 4).
8.2 Multiple Indirect Effects and Global Economic Forecasting
Deforestation is not the only indirect change in GHG emissions from the global
agricultural economy due to biofuel production. A multitude of GHG emission
sources and sinks are indirectly affected including emissions of CH4 and N2O from
livestock, CH4 emissions from rice, soil C dynamics from changing cropping patterns, and reclamation of dry and degraded land, among potential others [5–6].
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Figure 4. Estimated means and uncertainties of projected ILUC GHG emission rates due
to maize-ethanol production over a 30-year period (a) and sugarcane-ethanol over a 30-year
period (b).
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Recent estimates showed that projected declines in livestock from rising grain
prices from biofuel production could offset nearly 50% of the positive emissions
from ILUC [5].
In the EPA’s RFS2 LCA methodology, multiple changes in direct and indirect
GHG emissions from the USA and global agricultural economies due to ethanol
production are quantified using at least eight highly complex models, incorporating tens of thousands of parameters [6, 22]. Because the EPA’s approach attempts
to characterize so many diverse and disparate systems, namely, global changes in
agricultural and ecosystem GHG emissions over roughly 20 years, this method is
likely associated with a large degree of error (e.g., 30,000 emission factors are used
to estimate emissions from land conversion alone, as one of two data sets included in
the EPA’s partial error analysis, leading to a 95% confidence interval that is ±28%
of the mean, Figure 4a). It is clear why no similar LCA approaches are found in
the scientific literature: the uncertainty is too large and the probability is too low
for accurately predicting the future global economy and land use over a period of
20 years. In terms of complexity, the next closest LCA (but much simpler than the
EPA’s) estimated the ILUC emissions due to biofuels by combining a LCA model
(GREET) and a global econometric model (FAPRI [4]), which has been subject to
prolonged controversy [5–6, 44–53].
When projecting global agricultural changes and ILUC, the magnitude of
changes due to marginal price signals are determined by trade and agricultural
markets, among other issues, that depend on global economic and financial conditions [53]. A recent survey of economic predictions (data that are included in GTAP
and FAPRI) emphasizes how quantitative estimates are often associated with large
errors (e.g., the Black-Scholes equation [54]). Recurring financial crises undermine
the accuracies of predictions made using economic models, among other issues. For
example, in the period from 1800 (or independence) to 2008, 79% of countries in Europe and the Americas, on average, have experienced a sovereign default or debt
rescheduling every 33.5 years (based on 39 countries); the author’s calculations are
based on [55]. In addition, 98% of countries globally, on average, have also experienced a banking crisis every 37.6 years (based on 66 countries from 1945, or independence, to 2008).
These trends suggest that economic failures regularly set countries off of trend
line growth rates and undermine predictions of economic conditions. If scientists
are not good at predicting economic contexts, they are also not good at predicting
relative changes in these uncertain futures. For example, the Soviet Union economic growth projections made in 1990 would have hypothetically estimated large
biogenic C losses due to projected economic growth. However, in the real course of
events, the Soviet Union experienced an economic and political collapse and the
1990s witnessed a vast accumulation of C in the region [56–57] and economic conditions likely would not have transmitted price signals as effectively. With the debt
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crises in the USA and Europe, it may be possible that economic models are currently
overestimating growth and ILUC in the future, which suggests that these projections should include statistical estimates of regular economic failures, thus more
accurately representing a more probable future, to a degree possible.
These circumstances raise important questions: What is an acceptable level
of uncertainty when predicting multiple global indirect effects? What precedents
should regulators recognize when establishing an acceptable uncertainty threshold? What is the most efficient use of resources in producing multi-sector LCAs?
In comparison with the EPA methods, global integrated models (combining social, economic, demographic, and environmental variables) have been developed
and used over the past 40 years. Though, the accuracy of these results has been
perhaps one of the greatest scientific controversies of the 20th century, dating back
to Thomas Malthus [58–60]. Global models used in The Limits to Growth studies
(1972, 1992, 2004) and emission scenarios for the IPCC, however, present a limited number of scenarios for the future and, unlike those of the EPA, they do not
attempt to provide a single point estimate but provide a range of potentially equal
probable results for consideration and explore the sensitivity of the relationships
between multiple factors [61]. Despite the uncertainty and controversy surrounding these studies (and ILUC), the Millennium Ecosystem Assessment (2005) has
generally confirmed the ominous projections for the environment from The Limits to Growth (1972) [59, 61]. This research strongly suggests that modeling efforts
may not produce accurate point estimates, but the general relationships elucidated
in modeling studies can provide valuable insight for managing our resources and
precautionary actions taken today are likely to reduce the risk of more environmental degradation [5].

9 Principle 7: Transparency Is Essential for Regulatory LCA
The intent to quantify all significant indirect emissions leads to a contradiction
concerning transparency—the ability to see all of the methods and data used. The
EPA has sought to ensure a high standard of transparency and has recognized
that a lack of transparency may conceal biases in results. In 2001, the USA’s
government-wide guidelines for information quality were established. The associated guidelines state: “The more important benefit of transparency is that the
public will be able to assess how much an agency’s analytic result hinges on the
specific analytic choices made by the agency. Concreteness about analytic choices
allows, for example, the implications of alternative technical choices to be readily assessed” [62].
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To evaluate the technical choices made in use of data for LCA, ISO standards
specify the need for qualifying information to supplement data used. The ISO standard specifies these requirements: “The data quality requirements should address:
time-related coverage; geographical coverage; technology coverage; precision, completeness and representativeness of the data; consistency and reproducibility of the
methods used throughout the LCA; sources of the data and their representativeness; uncertainty of the information” [16].
By using many tens of thousands of parameters, the RFS2 LCA is not likely to
be 100% transparent. From the author’s discussions with the model developers, in
some cases, the data are not available to inspect and are not supported by references and different models provide conflicting results [45].
For implementing regulations with acceptable uncertainty limits, all observers
are likely to agree that regulatory LCA methods should only be as complex as can
be practically and transparently reviewed and supported by accurate data. Evaluating all global indirect effects in one LCA is excessively complex, particularly for
contentious EPA regulation. It is also clear that if sufficient transparency and accuracy are not achieved, indirect effects should be considered to be excluded from
regulations, merely because they greatly expand the number of variables employed,
magnify the uncertainty involved, and lead to more and more arbitrary results, with
corresponding severe penalties for the regulated parties; final EPA values today
appear to be politically negotiated results. Where great complexity is to be characterized (such as the global ripple effects of biofuel production across all sectors),
proportional analytical resources should be employed to adequately acquire the
needed data, explore the uncertainty, and determine the limitations of the methods employed. This has been done to some degree in the RFS2, but greater analysis
is needed. Analysis of likely but uncertain indirect effects may be more appropriately investigated during policy analysis before passage and implementation of environmental regulations and a more limited analysis provided by conventional LCA
methods may be more appropriate for regulating the performances of supply chains.
Yet, after the passage of the EISA, regulators still desire to approximately know
the actual GHG emission impacts from this policy. Thus, an apparent contradiction
inherent in LCA methods emerges: use less-certain and less transparent methods
but include comprehensive estimates of global changes in GHG emissions due to
biofuel production that incorporate a precautionary approach (the EPA’s approach)
or use a more certain and more transparent assessment of biofuel supply chains
that can be adequately monitored and regulated, while excluding uncertain global
GHG consequences from biofuel production, but providing more reliable predictions of system performance (the conventional LCA approach used in most studies). This appears to be the core question related to ILUC and LCA, but it also appears to be largely unanalyzed.
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10 Principle 8: Fossil Fuel Reference Systems Are
Diverse and Uncertain
In 2008, 580 of the 651 largest oil fields globally (contributing >60% of the global
production) were reported to have passed their peak production rates and are now
producing an average of about 5%–6% less oil each year [63]. Because of growing
global demand and limited oil reserves, unconventional sources of petroleum are
being developed. These unconventional forms of petroleum (heavy oil, oil sands, oil
shale, natural gas-to-liquids, and coal-to-liquids) are generally more costly to produce. However, as the price of oil has risen to over $90 per barrel in March, 2013,
these alternative petroleum sources are now profitable to produce, but they are
also more energy- and GHG-intensive to produce (Figure 5). These unconventional
sources are becoming a greater fraction of the feedstock for gasoline, as the lighter
crudes are depleted.

Figure 5. Estimates of GHG emissions from gasoline reference systems (various sources).
SAGD = steam-assisted gravity and drainage; TEOR = thermally enhanced oil recovery.
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Canadian oil sands (tar sands) are an important example. Over the next 20
years, with only considering growth from oil sands production, Canada was projected by the IEA to have the second greatest oil production growth globally behind
Saudi Arabia [63]. By 2020, based on Canadian industry projections, it was previously projected that oil sands could contribute as much as 20% of the USA’s gasoline supply, up from a current fraction of 7% [5].
A recent analysis of the GHG intensities of gasoline blendstock from a range
of countries around the world found that many countries are above what was estimated as the USA’s average in 2005 at 91.3 g CO2eq MJ−1 (Figure 5). Because of
new diverse sources of oil being developed, it has been suggested that each gasoline producer should also be assessed in the life cycle GHG-intensity of its gasoline
blendstock. This would put all fuels from every producer side-by-side for comparison using LCA: this would be ideal for effective fuel policy to reduce GHG emissions [68]. Where this cannot be done, at least the baseline for the average petroleum fuel should be assessed on an annual or biannual basis because of significant
trends toward increased GHG-intense fuel sources.
In addition to changing direct production emissions, indirect emissions from petroleum fuels have received little attention. Indirect emissions from deforestation
in Canada from oil sands petroleum is one example [69]. Military security associated with the acquisition of petroleum has also been estimated to contribute an additional ~20% to the baseline life cycle emissions of gasoline from the Middle East,
potentially offsetting ILUC emissions due to biofuels [6, 70].

11 Conclusions
The above principles and examples should be considered when designing accurate
and transparent LCA methods for researchers, corporations, and regulators. Of the
issues addressed here, the emissions of N2O, CO2 from SOC and assessing multiple
indirect emissions appear to be the current dominant challenges for reducing the
uncertainty of biofuel LCA. These principles should be further developed to minimize uncertainty and the use of arbitrary methods for the LCA of biofuel, particularly in regulatory settings.

References
[1] Liska AJ, Cassman KG. Towards standardization of life-cycle metrics for biofuels:
Greenhouse gas emissions mitigation and net energy yield. J Biobased Materials
Bioenergy 2008; 2: 187–203.

264

A. Liska

in

Sustainable Biofuels (2015)

[2] Gnansounou E, Dauriat A, Villegas J, Panichelli L. Life cycle assessment of biofuels: Energy and greenhouse gas balances. Biores Tech 2009; 100: 4919–4930.
[3] Menichetti E, Otto M. Energy balance and greenhouse gas emissions of biofuels from
a life-cycle perspective. In: Howarth RW, Bringezu S (eds.). Biofuels: Environmental Consequences and Interactions with Changing Land Use. Ithaca, NY, US: Cornell University, 2009; 81–109.
[4] Searchinger T, Heimlich R, Houghton RA, et al. Use of US croplands for biofuels increases greenhouse gases through emissions from land-use change. Science 2008;
319: 1238–1240.
[5] Liska AJ, Perrin RK. Indirect land use emissions in the life cycle of biofuels: regulations vs. science. Biofuel Bioprod Biorefin 2009; 3: 318–328.
[6] Sanchez ST, Woods J, Akhurst MA, et al. Accounting for indirect land use change
in the life cycle assessment of biofuel supply chains. J Royal Society Inter 2012; 9:
1105–1119.
[7] Aven T. Quantitative Risk Assessment: The Scientific Platform. NY, USA: Cambridge
University Press, 2011.
[8] Feller W. An Introduction to Probability Theory and its Applications, Volume I, 3rd
edition. NY, USA: John Wiley and Sons, 1968.
[9] National Research Council. Models in Environmental Regulatory Decision Making.
Washington DC, USA: National Academies Press, 2007.
[10] Duffy M, Garrett B, Riley C, Sandor D. Future transportation fuel system of systems. In: Jamshidi M (ed.). System of Systems Engineering: Innovations for the 21st
Century. Hoboken, NJ, USA: John Wiley and Sons, 2009; 409–442.
[11] Graedel T, Allenby B. Industrial Ecology and Sustainable Engineering. Upper Saddle River, NJ, USA: Prentice-Hall, 2010.
[12] Liska AJ, Yang HS, Bremer VR, et al. Improvements in life cycle energy efficiency
and greenhouse gas emissions of corn-ethanol. J Indust Ecol 2009; 13: 58–74.
[13] Gupta RB, Demirbas A. Gasoline, Diesel, and Ethanol Biofuels from Grasses and
Plants. NY, USA: Cambridge University Press, 2010.
[14] Bakshi BR, Gutowski TG, Sekulić DP. Thermodynamics and the Destruction of Resources. NY, USA: Cambridge University Press, 2011.
[15] Liska AJ, Perrin RK. Energy and climate implications for agricultural nutrient
use efficiency. In: Clay DE, Shanahan JF (eds.). GIS Applications in Agriculture—
Volume Two: Nutrient Management for Energy Efficiency. Baco Raton, FL, USA:
CRC Press 2011; 1–17.
[16] International Organization for Standardization. ISO 14040: Environmental Management—Life cycle Assessment—Principles and Framework. Geneva, Switzerland:
ISO 1997.
[17] Farrell AE, Plevin RJ, Turner BT, Jones AD, O’Hare M, Kammen DM. Ethanol can
contribute to energy and environmental goals. Science 2006; 311: 506–508.

E i g h t P r i n c i ple s

of

Uncertainty

for

LCA

of

B i o f uel S y s t e m s

265

[18] Plevin, R. Modeling corn ethanol and climate: A critical comparison of the BESS
and GREET models. J Indust Ecol 2009; 13: 495–507.
[19] Liska AJ, Cassman KG. Response to Plevin: Implications for life cycle emissions
regulations. J Indust Ecol 2009; 13: 508–513.
[20] Bremer VR, Liska AJ, Klopfenstein TJ, et al. Emissions savings in the corn-ethanol life cycle from feeding co-products to livestock. J Environ Qual 2010; 39: 1–11.
[21] Carbon Intensity Lookup Table for Gasoline and Fuels that Substitute for Gasoline. Sacramento, CA, USA: California Air Resources Board, 2009 (Accessed August
14, 2012, at http://www.arb.ca.gov/fuels/lcfs/121409lcfs lutables.pdf).
[22] Renewable Fuel Standard Program (RFS2) Regulatory Impact Analysis. Washington, DC: USA Environmental Protection Agency, 2010 (Accessed August 14, 2012,
http://www.epa.gov/otaq/renewablefuels/420r10006.pdf).
[23] Cherubini F, Bird ND, Cowie A, Jungmeier G, Schlamadinger B, Woess-Gallasch
S. Energy- and greenhouse gas-based LCA of biofuel and bioenergy systems: key
Issues, ranges and recommendations. Resources Conserv Recycl 2009; 53: 434– 447.
[24] Heath GA, Mann MK. Background and reflections on the Life Cycle Assessment
Harmonization Project. J Industrial Ecology 2012; 16: S8–S11.
[25] Cooper JS, Noon M, Kahn E. Parameterization in life cycle assessment inventory
data: review of current use and the representation of uncertainty. Int J Life Cycle
Assess 2012; 17: 689–695.
[26] Klir GJ. Uncertainty and Information: Foundations of Generalized Information
Theory. Hoboken, NJ, USA: John Wiley and Sons, 2006.
[27] Drosg M. Dealing with Uncertainties: A Guide to Error Analysis, second edition.
Berlin, Germany: Springer, 2009.
[28] Kim S, Dale BE. Allocation procedure in ethanol production system from corn grain
I. System expansion. Int J Life Cycle Assess 2002; 7: 237–243.
[29] Mueller S. 2008 National dry mill corn ethanol survey. Biotechnology Letters 2010;
32: 1261–1264.
[30] Eggleston HS, Buendia L, Miwa K, Ngara T, Tanabe K. 2006 IPCC Guidelines for
National Greenhouse Gas Inventories. (IPCC National Greenhouse Gas Inventories Programme). Hayama, Japan: IGES, 2006.
[31] David MB, Del Grosso SJ, Hu X, et al. A modeling denitrification in a tile-drained,
corn and soybean agroecosystem of Illinois, USA. Biogeochemistry 2009; 93: 7–30.
[32] Crutzen PJ, Mosier AR, Smith KA, Winiwarter W. N2O Release from agrobiofuel
production negates global warming reduction by replacing fossil fuels. Atmos Chem
Phys Discuss 2007; 7: 11191–11205.
[33] Mosier AR, Crutzen PJ, Smith KA, Winiwarter W. Nitrous oxide’s impact on net
greenhouse gas savings from biofuels: Life-cycle analysis comparison. Intl J Biotech 2009; 11: 60–74.

266

A. Liska

in

Sustainable Biofuels (2015)

[34] Sheehan J, Aden A, Paustian K, et al. Energy and environmental aspects of using
corn stover for fuel ethanol. J Indust Ecol 2004; 7: 117–146.
[35] Wilhelm WW, Johnson JMF, Karlen DL, Lightle DT. Corn stover to sustain soil organic carbon further constrains biomass supply. Agronomy J 2007; 99: 1665– 1667.
[36] Anderson-Teixeira KJ, Davis SC, Masters MD, DeLucia EH. Changes in soil organic carbon under biofuel crops. GCB Bioenergy 2009; 1: 75–96.
[37] Kutsch WL, Bahn M, Heinemeyer A. Soil Carbon Dynamics: An Integrated Methodology. NY, USA: Cambridge University Press, 2010.
[38] Wortmann CS, Liska AJ, Ferguson RB, Klein RN, Lyon DJ, Dweikat I. Dryland
performance of sweet sorghum and grain crops for biofuel in Nebraska. Agronomy
J 2010; 102: 319–326.
[39] Schmer MR, Vogel KP, Mitchell RB, Perrin RK. Net energy of cellulosic ethanol
from switchgrass. Proc Nat Acad Sci USA 2008; 105: 464–469.
[40] Lloyd SM, Ries R. Characterizing, propagating, and analyzing uncertainty in lifecycle assessment. J Indust Ecol 2007; 11: 161–179.
[41] Spatari S, MacLean HL. Characterizing model uncertainties in the life cycle of
lignocellulose-based ethanol fuels. Environ Sci and Technol 2010; 44: 8773–8780.
[42] Mullins KA, Griffin WM, Matthews HS. Policy implications of uncertainty in modeled life-cycle greenhouse gas emissions of biofuels. Environ Sci and Technol 2011;
45: 132–138.
[43] Naylor RL, Liska AJ, Burke MB, et al. The ripple effect: biofuels, food security, and
the environment. Environment 2007; 49: 30–43.
[44] O’Hare M, Delucchi M, Edwards R, et al. Comment on “Indirect Land Use Change
for Biofuels: Testing Predictions and Improving Analytical Methodologies” by Kim
and Dale: statistical reliability and the definition of the indirect land use change
(iLUC) Issue. Biomass Bioenergy 2011; 35: 4485–4487.
[45] National Research Council. Renewable Fuel Standard: Potential Economic and Environmental Effects of U.S. Biofuel Policy. Washington DC, USA: National Academies Press, 2011.
[46] Hertel TW, Golub A, Jones AD, O’Hare M, Plevin RJ, Kammen DM. Global commodity trade analysis identifies significant land-use change and greenhouse gas
emissions linked to U. S. corn ethanol production. BioScience 2010; 60: 223– 231.
[47] Plevin RJ, O’Hare M, Jones AD, Torn MS, Gibbs HK. Greenhouse gas emissions
from biofuels’ indirect land use change are uncertain but may be much greater than
previously estimated. Environ Sci and Tech 2010; 44: 8015–8021.
[48] Lapola DM, Schaldach R, Alcamo J, et al. Indirect land-use changes can overcome carbon savings from biofuels in Brazil. Proc Natl Acad Sci USA 2010; 107:
3388– 3393.
[49] Dumortier J, Hayes DJ, Carriquiry M, et al. Sensitivity of Carbon Emission Estimates from Indirect Land-Use Change. Working Paper 09-WP 493. Ames, IA,

E i g h t P r i n c i ple s

of

Uncertainty

for

LCA

of

B i o f uel S y s t e m s

267

USA; Center for Agricultural and Rural Development at Iowa State University,
2009.
[50] Proposed Regulation to Implement the Low Carbon Fuel Standard. Volume II Appendices. Sacramento, CA, USA: California Air Resources Board, 2009 (Accessed
August 14, 2012, at http://www.arb.ca.gov/fuels/lcfs/030409lcfs_isor_vol2.pdf).
[51] Tipper R, Hutchison C, Brander M. A Practical Approach for Policies to Address
GHG Emissions from Indirect Land Us Change Associated with Biofuels. Technical
Paper-TP-080212-A. Edinburgh, UK: Ecometrica and Green Energy 2010.
[52] Wang MQ, Han J, Haq Z, TynerWE,WuM, Elgowainy A. Energy and greenhouse
gas emission effects of corn and cellulosic ethanol with technology improvements
and land use changes. Biomass Bioenergy 2011; 35: 1885–1896.
[53] Keeney R, Hertel TW. The indirect land use impacts of United States biofuel policies: the importance of acreage, yield, and bilateral trade responses. American Journal of Agricultural Economics 2009; 91: 895–909.
[54] Taleb NN. The Black Swan: The Impact of the Highly Improbable. NY, USA: Random House 2007.
[55] Reinhardt CM, Rogoff K. This Time is Different: Eight Centuries of Financial Folly.
Princeton, NJ, USA: Princeton University Press, 2009.
[56] Vuichard N, Ciais P, Belelli L, Smith P, Valentini R. Carbon sequestration due to
the abandonment of agriculture in the former USSR since 1990. Global Biogeochem
Cycles 2008; 22: GB4018.
[57] Henebry GM. Global change: Carbon in idle croplands. Nature 2009; 457:
1089– 1090.
[58] Constanza R, Leemans R, Boumans RMJ, Gaddis E. Integrated global models. In:
Constanza R, Graumlich LJ, Steffen W (eds.). Sustainability or Collapse? An Integrated History and Future of People on Earth. Cambridge, MA, USA: MIT Press,
2007: 417–445.
[59] Meadows DL. Evaluating past forecasts: Reflections on one critique of the limits
to growth. In: Constanza R, Graumlich LJ, Steffen W (eds.). Sustainability or Collapse? An Integrated History and Future of People on Earth. Cambridge, MA, USA:
MIT Press, 2007: 399–415.
[60] Lomborg B. Environmental alarmism, then and now. Foreign Affairs 2012; July/
August: 24–40.
[61] Meadows DH, Randers J, Meadows D. Limits to Growth: The 30-year Update. White
River Junction, VT, USA: Chelsea Green 2004.
[62] Executive Office of the President. Guidelines for Ensuring and Maximizing the Quality, Objectivity, Utility, and Integrity of Information Disseminated by Federal Agencies; Republication.Washington, DC: U.S. Office of Management and Budget 2002.
[63] International Energy Agency. World Energy Outlook 2008. Paris, France: OECD/
IEA 2008.

268

A. Liska

in

Sustainable Biofuels (2015)

[64] Jacobs Consultancy and Life Cycle Associates. Life Cycle Assessment Comparison
of North American and Imported Crudes. Calgary, AB, Canada: Alberta Energy Research Institute, 2009.
[65] National Energy Technology Laboratory. Development of Baseline Data and Analysis of Life Cycle Greenhouse Gas Emissions of Petroleum-Based Fuels. Washington DC, USA: US Department of Energy, 2009.
[66] Detailed CA-GREET pathway for California Reformulated Gasoline Blendstock for
Oxygenate Blending (CARBOB) from Average Crude Refined in California. Version:
2.0. Sacramento, CA, USA: California Air Resources Board, 2009 (Accessed August
14, 2012, at http://www.arb.ca.gov/fuels/lcfs/011209lcfs_carbob.pdf).
[67] Brandt AR, Farrell AE. Scraping the bottom of the barrel: Greenhouse gas emission consequences of a transition to low-quality and synthetic petroleum resources.
Climate Change 2007; 84: 241–263.
[68] DeCicco JM. Biofuels and carbon management. Climatic Change 2012; 111:
627– 640.
[69] Rooney RC, Bayley SE, Schindler DW. Oil Sands mining and reclamation cause
massive loss of peatland and stored carbon. Proc Nat Acad Sci USA 2012; 109:
4933–4937.
[70] Liska AJ, Perrin RK. Securing foreign oil: A case for including military operations
in the climate change impact of fuels. Environment 2010; 52: 9–22.

